State, which lead to both economic loss and human fatalities. Therefore, understanding the characteristics of those who evacuated and of those who did not evacuate have been principal focus of some previous researches related to hurricane evacuation behavior. This research presents two sets of decision-making models for analyzing hurricane evacuation behavior, using two statistical methods: standard logistic model and mixed logistic model. The receipt of evacuation order, elevation, expenditure, the presence of children and elderly people, ownership of a house, and receipt of hurricane warning are found to be extremely important in evacuation decision making. When the mixed logistic model is applied, the rate of concern about hurricane threat is assumed to be random according to normal distribution. Mixed logistic models which account for the heterogeneity of household responses are found to perform better than standard logistic model.
Introduction
One of the most destructive natural disasters, the hurricane, has caused considerable damage to coastal communities, as it came along with strong winds, storm surges and flooding. The decade from 1996 to 2005 was the one of the most destructive in the last century. Damages from those storms were estimated to be $198 billion (Hasan et al. 2010) . Rita in 2005 alone led to approximately $10 billion (Pielke et al. 2008 ) damage to property.
The protection technologies against hurricanes have improved significantly over the past decade, driven by an intensely destructive period of hurricane activity. The 2000 International Residential and Commercial Building Codes required the use of impact-resistant windows, doors and other components for houses built in hurricaneprone areas for the first time (Cox et al. 2006) . The prevailing Building Codes mainly focused on building exteriors. New houses built in Florida within the area where 120 mph winds or greater are expected must have exterior impact protection (Dehring et al. 2013) . Examples of hurricane impact protection include impact resistant windows, hurricane shutters and reinforced doors.
Despite the development of hurricane protection technologies, the effect of Hurricane Ike in Texas was still crippling and long-lasting. Hurricane Ike was the most harmful Atlantic storm in 2008 (Pan et al. 2012) . It made landfall in Texas at the north end of Galveston Island on September 13, 2008. It sent a 10-to 15-foot storm surge into Galveston and parts of the western end of Galveston bay, and up to a 20-foot surge over the Bolivar Peninsula and parts of Chambers Country, Texas.
Ike smashed residential houses, flooded commercial buildings, damaged transport facilities and utility services. Ike not only caused economic loss which will last for a long time after hurricane, but also caused many fatalities. More than 100 residents died in United States as a result of Ike. Considering the damage caused by hurricanes, understanding the characteristics of those who evacuated and of those who did not evacuate have been principal focus of many previous researches. (Baker 1979; Cross 1979; Baker 1991; Fischer et al. 1995; Dow and Cutter 1998; Drabek 1999) . A recent review by Dash and Gladwin (2007) concluded that several important factors are found to influence a household's decision to evacuate or stay at home. These factors include presence of children and elderly persons in a household, age of the decision maker, disability, gender, race, income, previous experience, and location. Whitehead et al. (2000) consider environmental factors, storm intensity (by presenting hypothetical storm scenarios to respondents), besides social and demographic factors, in developing an evacuation model. They found that the important predictor of evacuation is storm intensity. Households are more likely to evacuate when given evacuation orders, and when they live in mobile home. Compared with perceived risk from wind, perceived risk from flooding is more important in evacuation decision. One the other hand, non-white households, pet owners and those with more education prefer to stay at home with family or friends, instead of evacuating.
My research objectives are to develop household's evacuation decision models based on both standard logistic method and mixed logistic method, and then compare the results between two methods. In addition, my research find the important factors in decision making and reveals the influence of those factors to evacuation decision.
Several factors which are reported in my research are consistent with previous findings.The organization of the thesis is as follows: The data collection technique has been discussed in Chapter 2. Chapter 3 contains the statistical methodology. Data are analyzed and discussed the results in Chapter 4. This thesis ends with summary and future research in Chapter 5.
Data Collection
My research data were collected by a telephone survey. In 2010, the Social Science Research Lab at the International Hurricane Research Center at Florida International University conducted 1,099 telephone interviews from a random probability sample of households located in Harris and Galveston counties in Texas with a response rate of 36 percent. A geocoded zip codes area stratified sampling frame was used to oversample areas of higher storm surge risk. More interviews were done proportionally in zip code areas that are lower elevation and near to the coast.
The survey questionnaire asked about the behavior adopted by respondents to minimize the risk of being affected by hurricane, specifically hurricane Ike when it hit the coast of Texas. One of the survey questions asked the following question:
Did you evacuate for hurricane Ike, or did you stay in your home? STAYED IN HOME or EVACUATED The binary response of the question works as the dependent variable Evacuation in my analysis (Evacuation =1, if evacuated or Evacuation=0, if stayed at home). Respondents who evacuated were asked a sequence of questions related to evacuation, such as evacuation time, transportation, duration, preparation and evacuation expenditure. Respondents who did not evacuate were also asked to state the expenditure that they would spend if they had evacuated before hurricane.
The last part of the survey, designed for all participants, gathered information of the explanatory variables for predicting evacuation decision. The survey asked respondents whether they prepared window protection or elevated their houses before hurricane came. Respondents were also asked to report whether their houses were damaged because of hurricane and how much damage the hurricane brought to their house. Furthermore, the questionnaire asked respondents whether their neighborhood got any evacuation order before hurricane and if they did, what the type of evacuation order they got (Voluntary Order or Mandatory Order). Figure 1 
Statistical Methodology
Considering the binary outcomes for evacuation behavior, two discrete-outcome models were analyzed in my research: standard logistic model and mix logistic model.
Standard logistic model could offer rigorous analytical framework for modeling such situations, but it also assumes the coefficients of variables are fixed across all observation (Hasan et al. 2011) . When this assumption does not hold, standard logistic model will result in inconsistent parameter estimators and outcome probabilities. The concern has led many researchers to consider more flexible alternatives. Mixed logistic model, as an alternative, extends the standard conditional logistic model by allowing one or more of the parameters in the model to be randomly distributed. It allows researchers to account for both observed and unobserved heterogeneity of households response caused by a hurricane threat.
When we compare relative performance of a set of statistical models, Akaike Information Criterion (AIC) can work as a measurement for model selection. The AIC is derived from information theory and selects a model that minimizes the KullbackLeibler distance between the estimated and the true models. Given a set of models, the preferred model is the one with the minimum AIC value. The AIC value is defined as following:
where L is the maximized value of the likelihood function for the model; p is the number of estimated parameters. While adding parameters in the model is possible to increase the likelihood, it may also result in overfitting. AIC solves the situation of dilemma by adding penalty, an increasing function of the number of estimated parameters, to discourage overfitting. Similar with AIC, Bayesian information criterion (BIC) or Schwarz criterion (BIC Schwarz) is another criterion with penalty term to avoid overfitting for model selection, yet, the penalty term is larger in BIC than in AIC. The BIC is formally defined as:
where n is the number of observations or sample size; K is the number of free parameters to be estimated;L is the maximized value of likelihood function. The model with lowest BIC value is preferred.
Except for AIC and BIC, predictive probability is also a very good criteria for model selection. Predictive probability is the probability that one statistical model successfully predict the binary outcome. In logit model, the probability of success, instead of the direct binary result, is predicted. When the predicted probability is greater than 0.5, the outcome is assumed to be success, while failure is assumed to happen with predicted probability less than 0.5. Then the predictive probability is defined as follows:
Standard Logistic Model
Many human behavior research problems call for the analysis and prediction of a dichotomous outcome, such as whether a single is prone to get married, whether a drive will choose to listen to a phone call when his or her phone is ringing during driving, whether a custom will purchase a product from the same brand next time, and so on. Before logistic regression was proposed, most of these research questions are addressed by least squares regression (OLS), which, however, was subsequently found not to be an ideal model for dealing with dichotomous outcomes due to dissatisfied assumption: errors are not normally distributed and no linear relationship exists between explanatory variables and dependent variable. Logistic regression, as an alternative to least square regression, has been increasingly used since late 1960s and early 1970s (Peng et al. 2002) .
Logistic regression is well suited to describe the relationship between one dichotomous outcome and one or more categorical or continuous predict variables.
However, the plot of such data always results in 2 parallel lines, which respectively corresponds to two different outcomes of dichotomous dependent variable, such as the plot of Evacuation decision and Age (see Figure 3 ).
Figure 3: Plot of Age vs Evacuation Decision
Because of the binary outcomes, ordinary least square model could not be used to model the two parallel lines. Thus, researchers alternatively compute the probability of the dependent variable happening, which is also the mean of dependent variable for the respective categories. The resultant plot of probability is an S shape, with curvilinear at both ends and a line in the middle (see Figure 4 ).
Figure 4: Plot of Age vs Evacuation Probability
Yet, ordinary least square is still not an appropriate model to describe the S shape, because that the shape does not follow linear trend at end and the error is neither normal distributed nor constant (Peng et al. 2001) . Logistic regression solves these problems by predicting the natural logarithm of odds of dependent variable from independent variables. The odds of dependent variable is the ratio of the probability that dependent variable happens to the probability that dependent variable does not happen.
In my research, dichotomous outcome: evacuation decision (Evacuation) works as dependent variable, with "1" representing "Evacuated" and "0" representing "Did not evacuate". Thus, odds of evacuation is the ratio of the probability of evacuation to the probability of not evacuation. The logistic regression model could be described as follows:
When taking antilog on both sides of equation (4), one derives an equation to predict the probability of the occurrence of evacuation as follows:
where X is a vector of independent variables that influence evacuation; β represents the conformable vector of coefficients or parameters of the model. As stated earlier, predictors include demographic factors, income, evacuation order, risk perception, and own houses or not, and so on.
The logistic regression coefficients (β) are usually estimated by Maximum likelihood method:
Unlike the ordinary linear regression with normal distributed error, it is not possible to find a closed-form expression for the coefficient values that maximize the likelihood function, so that an iterative process must be used instead.
Mixed Logistic Model
Mixed logistic model is another method used to analyze the binary dependent variable, which account for the probability that parameters may vary across observations. Mixed logistic model has been considered as one of the most promising tool for modeling discrete choice data by many researchers. The mixed logistic probability can be derived from utility-maximizing behavior in several ways that are formally equivalent but provide different interpretations. Following the work presented in Train (2003) , standard random utility theory suggests that the utility of a household n choosing an alternative i is given as follows:
where X ni is a vector of observed variables that related to the alternatives and decision maker, which is same with previous vector of dependent variable in standard logistic model in my research; β n is a vector of coefficients of these variables for person n; θ is the parameter for the density function of random coefficients; ni is error components which may be due to unaccounted measurement error, correlation in the parameters, unobserved individual preferences, and other similar unobserved characteristics of the choice-making. ni is a random term that is iid extreme value. Participants will choose alternative i, when U ni > U nj , i <> j
When ni is assumed as extreme-value Type 1 distributed, the model can be treated as a binomial logit model with two alternatives as follows:
where P rob n (i) is the probability of household n evacuating; X ni is a vector of independent variables; J is the total number of alternatives. In our case, J is equal to 2.
As β n is random vector, the choice probability is the integral of equation (9) over the density of β n
This model allows the slopes of utility to be random, which is an extension of the random effects model only with random intercept. Some elements of β n may be fixed parameters or random parameters. The distribution of β n could be specified as any probability density function. The most widely used one is normal distribution, which is assumed in this research.
Data Analysis
The description of all the variables are listed in Table 1 . We first report the correlation matrix ( Figure 5 ) of variables used in our models. 
Standard Logistic Model Result
In my research, several standard logistic models were fitted with different predictors. Of all the models, four models (reported in Table 2 ) were selected based on the goodness of fit criteria. The significant variables for standard logistic regression model are summarized in Table 3 with one more elderly person in household, since the odds ratio of elderly is 1.756. In addition to above factors, households who own a house, live in a mobile house, have higher income level, and concern about hurricane risk also prefer to evacuate before hurricane.
The status of unemployment because of hurricane, elevation, and evacuation expenditure, however, trend to decrease the probability of evacuation. Among all the standard logistic models, Model 3 has smallest AIC (showed in Figure 7 ), BIC (showed in Figure 8 ) and absolute value of log likelihood (showed in Figure 9 ), and largest Pseudo R 2 value and predictive probability (showed in Figure   10 ). These figures show that Model 3 performs better than Models 1, 2 and 4.
Mixed Logistic Model Result
Using the results from standard logistic models in section 4.1, four mixed logistic regression models, with random variables chosen by their standard errors, are fitted and their results are presented in Table 4 . The significant variables are summarized in Table 5 . Parameters with significant standard errors are considered random, and the remaining parameters are determined as fixed, as the standard deviation of these parameters are not significantly different from zero. Based on my data set, only the parameter for the rate of concern about the threat of hurricane (ConcernH) has significant standard deviation and is assume to be random according to normal distribution for all mixed logistic models. All of Figures 7, 8 and 9 show that all the bars for mixed logistic models are lower than the relative bars for standard logistic models, indicating that the whole mixed logistic regression model set has a smaller AIC, BIC and absolute log likelihood values than relative logistic model set.
Figure 10 also shows that mixed logistic models have larger predictive probability than normal logistic models. Therefore, for my research, mixed logistic performs better than standard logistic, in the aspect of AIC, BIC, absolute value of log likelihood and predictive probability.
Even though Model 1 and Model 5 have the same set of predictors, the ownership of a house updates its significant level in Model 5. HOwnship is significant at 0.10 significant level in Model 1, while it is significant at 0.05 significant level in Model 5. In Model 5 the rate of concern about the hurricane has a random parameter, with a mean of 0.066 and a standard deviation of 0.098 (assuming a normal distribution of parameter). Figure 6 shows the density curve of β ConcernH . The red part represents the probability that β ConcernH is less than 0, and the rest represents the probability that β ConcernH is larger than 0. According to the Z score, P(β ConcernH < 0)=P(Z < −0.67)=25.03% and P(β ConcernH > 0)=P(Z > −0.67)=74.97%.
Therefore, for 25.03% of households, the increasing concern about hurricane damage actually decrease their probability to evacuate, whereas for the rest 74.97% respondents, higher concern about hurricane actually promotes evacuation. The result suggests that household's response is not uniformed, with concern about hurricane threat.
Similar with the random parameter in Model 5, the parameter for the rate of concern in Model 6 has a mean 0.076 and standard deviation 0.136, which implies that the concern of hurricane damage has negative effect on evacuation for 28.81% of respondents, while it has a positive effect for the rest 71.19% of households. Although Model 6 has better AIC, BIC, log likelihood value, and predictive probability than Model 2, Model 6 has two significant independent variables less. The presence of elderly and the length that respondent lives in Texas are significant in Model 2
but not in Model 6. In Model 7, β ConcernH follows normal distribution with mean -0.007 and standard deviation 0.208. 51.3% of households are more likely to stay at home, when they get increasingly worried about hurricane, whereas the rest respond oppositely. Model 7 has one less significant predictor (Length) than Model 3. Model 8 again has less significant predictors than Model 4. 
Income
The level of income that subject makes. 1 $10,000 or less, 2 $10, 001-20,000, 3 $20,001-30,000, 4 $30,001-40,000 ,5 $40,001-50,000, 6 $50,001-60,000, 7 $60,001-70,000, 8 $70,001-80,000, 9 $80,001-90,000, 10 $90,001- However, households in low elevation area and households in unemployment status are more likely to stay at home. Expenditure is also found to negatively influence evacuation decision. Among the standard logistic models, Model 3 performs better in the sense of goodness of fit criterion. For all mixed logistic models, one risk perception factor is assumed to be normally distributed random parameter to represent the associated heterogeneities in household's evacuation behavior. Adding random factors greatly reduces the AIC, BIC, and absolute Log Likelihood value,and improves predictive probability. Of all the four mixed logistic models, Model 7 has smallest AIC, BIC, and absolute value of Log likelihood and largest predictive probability.
Therefore, considering all the measurements above, Model 7 performs relatively better. In the future, one might generate more related predictors, such as distance from households to coastline, and add them to the analysis. Also, one may try for crossvalidation technique to assess the result of the models which can be generalized to other independent data set.
